ABSTRACT Robo-advisor is a financial advisor that can get help from machine-learning algorithms to automatically analyze financial product risk levels and provide portfolio recommendations. In the previous work, robo-advisor mainly focused on the basic information and investment preferences of individual users and often ignored the relationship between groups and the individual's risk preference. In the actual environment, the individual investment behavior and the group's social relations are inseparable. In order to solve this challenge, this paper proposes a group recommendation model based on financial social networks and collaborative filtering algorithms. Compared with the latest personalized recommendation system, it not only considers the asset status and risk level of individual investors but also considers social relationships and risk levels among groups. With experiments on benchmark and real-world datasets, we demonstrate that the proposed algorithm achieves the superior performance on both the tasks compared to the state-of-the-art methods.
I. INTRODUCTION
Robo-advisor is a financial advisor that can use statistical rules and machine learning algorithms to automatically analyze financial product risk levels and provide portfolio recommendations. It includes key techniques such as user behavior analysis, personalized recommendation, and data mining, among which personalized recommendation is the most important. In the past decade, recommendation systems, especially collaborative filtering recommendation systems, have received a lot of attention from researchers. As one of the most popular technologies in computer science, machine learning and recommended algorithms have been widely used in pattern recognition, financial time series forecasting and other fields [1] - [3] .
The traditional recommendation system mainly focuses on individual activities. However, individual activities are often not isolated behaviors, but involve more members of the group (for example, watching movies with family, eating with friends, etc.), which requires us to go design a set of algorithm models for group recommendations [4] , [5] .
Due to the dependence of human society on cooperation, more and more people are willing to achieve their goals through teamwork. This provides an application scenario for the study of group recommendation systems [6] . The change of the research object of the recommendation system from the individual to the group will certainly bring new challenges to the researcher, due to more and more group activity data being disclosed, which provides a data foundation for the group recommendation research to a certain extent.
The biggest challenge for group recommendation is how to define the interest points of the group from different interest points of individual members. The current research is more about the compromise of individual member choices. This strategy is called a aggregation strategy. According to different methods of aggregation, the aggregation strategy can be divided into the following two methods [7] , [8] : preference aggregation [9] and score aggregation [10] .
In general, we can think of robo-advisor, or asset allocation, as a group activity because we need to consider the risk level and assets of family members. Therefore, a reliable robo-advisor model must not only be adapted to individual recommendations but also applied to group recommendations. In this paper, we discuss the combination of individual user models to adapt to the different strategies of the group, some of which are inspired by social selection theory [11] , [12] . According to the investor's personal preferences and risk levels, we can explore how to achieve the optimization of asset portfolio in the group recommendation model. In this process, we can adopt the Average Strategy, the Average Without Misery Strategy and the Least Misery Strategy [13] - [15] .
In our previous research results, we proposed an incremental multi-kernel extreme learning machine model, which can be initialized in a common training data set, and then automatically adjusted to the classification task. The experimental results show that this model can effectively solve the classification problem and can handle the task of asset portfolio smoothly [16] - [18] . The above research results are more effective in solving the portfolio recommendation of individual investors, but it is difficult to achieve balance for group recommendation (such as family), and it is easy to cause the recommendation result to meet the preferences of a small number of members. Zibriczky [19] overviews the application of recommender systems in various financial domains and provide a basis for further scientific research and product development in financial field. The above-mentioned studies ignore the social relations between groups. In the actual research process, these social relationships can help us improve the accuracy of the recommended model. Because of this, the recommendation system based on social relations has become a hot research topic in recent years [20] , [21] . Based on the research of Ma et al. [22] , Sun et al. [23] propose a social regularization method that can integrate social network relationships into a personalized recommendation system. In order to solve the common cold start problem in the recommendation system, the algorithm utilizes a social network algorithm to identify the similarity of individual members.
Based on the above theories and results, we propose a group recommender system with financial social network (FSN) for robo-advisor. The key innovations and research results of this paper are as follows:
1) In order to quantify the social relationships presented in the financial domain, we propose a framework for financial social network and integrate this theory into a group recommendation model, which can be validated by algorithm derivation. 2) In order to solve the problems of cold start, sparsity and other problems in the financial product recommendation system model, the algorithm proposed in this paper combines the investor's trading relationship to calculate the similarity between investors, and on the other hand to use the similarity of investors to fill the scoring matrix. 3) In order to verify the robustness and effectiveness of the proposed algorithm, detailed comparisons of the group recommendation model based on FSN with other recommendation algorithms are achieved by simulation on benchmark problems and real-world datasets. Extensive experiments demonstrate that the proposed method outperforms other state-of-the-art methods. The remainder of this paper is organized as follows. Section II introduces the basic theory of social network analysis and collaborative filtering. Section III describes in detail the algorithmic framework of financial social networks. The experiments and results are presented in Section IV. Finally, section V includes the conclusion and the future research.
II. RELATED WORKS
Robo-advisor includes three key techniques, such as data analysis, recommendation system, and portfolio. In this section, we introduce the related work involved in this paper.
A. GRAPH THEORY AND SOCIAL NETWORK ANALYSIS
As we all know, graph theory is a discipline that studies graphs. In mathematics, a graph is a mathematical structure that can be used to model pair-wise relationships between objects. The graphs described in this paper consist of vertices, nodes and points, and are connected by edges, arcs or lines.
In this case, the graph consists of vertices, nodes, or points connected by edges, arcs, or lines. Since the graph can be undirected, this means that there is no difference between the two vertices associated with each edge, or that its edges can point from one vertex to another [24] , [25] .
For ease of understanding, we can use an ordered pair G = (V , E) to represent a graph, where V represents the vertices or nodes, E represents the edges or arcs. In order to avoid misunderstanding or confusion, this type of graph may be accurately described as undirected and simple.
As the basic technology of vehicular network system, the use of mobile cyber physical system has attracted more and more attention in recent years [26] . Hu et al. [27] proposed a multi-dimensional context-aware social network architecture, which aims to provide a mobile ecosystem for mobile cluster sensing applications. In order to balance energy consumption and waiting time, Zhang et al. [28] proposed an energy-aware unloading model, which can further optimize communication and computing resource allocation with limited energy and sensitive delay.
B. MODERN PORTFOLIO THEORY
Portfolio is a process in which investors choose asset allocation and can be considered as a recommended system. Markowitzs portfolio theory not only reveals the determinants of portfolio risk, but more importantly, it reveals the important conclusion that ''the expected return of an asset is determined by the size of its own risk'', namely the asset price. (Single assets and portfolio assets) are priced by their risk size. The price of a single asset is determined by its variance or standard deviation. The price of the combined asset is determined by its covariance [34] - [36] .
The basic concepts (such as expected return, portfolio return variance) of portfolio theory are as follows.
1) EXPECTED RETURN
The expected return of financial investment is the expected value of investment income. It is calculated by using Eq.1.
where R p is the return on the portfolio, R i is the return on asset i and ω i is the weighting of component asset i.
2) PORTFOLIO RETURN VARIANCE
Portfolio return variance is used to calculate the volatility of the real return of the portfolio over time. It is calculated by using the following formula:
where σ is the standard deviation of the periodic returns on an asset, and ρ ij is the correlation coefficient between the returns on assets i and j. Alternatively the expression can be written as:
where
where σ ij = σ i σ j ρ ij is the covariance of the periodic returns on the two assets, or alternatively denoted as σ i, j, cov ij or cov(i, j).
For a two asset portfolio: Figure 1 shows the expected return and standard deviation.
C. GROUP RECOMMENDATION SYSTEM
Different from the personalized recommendation system, the group recommendation system needs to consider the user group rather than a single user in the process of recommendation. There may be different hobbies and sexualities among group members, so we cannot simply deal with the methods of personalized recommendation systems, but we should consider the weight of different users [41] . As shown in Fig.2 , there are two aggregation strategies as follows [7] , [42] . 
1) AGGREGATED PREDICTIONS
There are two basic methods for aggregate forecasting. First, the recommendations that are determined for individual group members can be combined. This method can be used if a set of candidate solutions should be submitted and the team members are responsible for selecting one from the candidate projects. In this case, specific items that are less attractive to certain group members are not filtered out. Because there is no ranking for individual candidate projects, group members can play an extremely important role in the decision-making process. Second, the predictions of the specific group members of the candidate project are summarized, and the result of this method is the ranking of the candidate items.
2) AGGREGATED MODELS
Instead of aggregating recommendation algorithms for individual users, this method is mainly to recommend items to group members by constructing a group preference model. The opportunity analysis of group members is conducive to building a group preference model. Another advantage of this model can solve the privacy issues of group members, which is extremely important for the long-term use of group members.
VOLUME 6, 2018
The current group recommendation system measures group satisfaction by gathering member information using the same aggregation model (eg, group preference aggregation (GPA) and individual preference aggregation (IPA)). In fact, many heuristic strategies have been designed for the aggregation model. In particular, average and least misery are the two most common strategies, so they will be used in this paper.
III. METHODOLOGY
We first define the concept and framework of financial social network in Section III-A. Then, we provide the solution to portfolio during the recommendation process in Section III-B. Finally, we give the method of how to autoadjust asset allocation in Section III-C.
A. THE FRAMEWORK OF FINANCIAL SOCIAL NETWORK
In this section, we first define the framework of the financial social network. Different from ordinary social networks, financial social network need to consider the relationship between investors, financial institutions, and the market environment. As shown in Figure 3 , each investor is more or less related to other investors, financial institutions, and the market environment. This confirms that we cannot consider only the personal attributes of investors during the portfolio process. There are 3 groups (investors, financial institutions, and the market environment) and many relationships between investors. Each edge can be used to indicate that there is a transaction relationship between two investors, for example, the edge link u 11 and u 1i means there is a transaction relationship between the two investors, and the edge linked u 2j and g 1k means that investor u 2j has purchased the products of this financial institution g 1k .
In order to better express this algorithm, let U, L, G represent the user set, item and group activity set, respectively. Let G g be a group consisting the members U g = u g,1 , u g,2 , . . . , u g,|ug| , where u g. * is on element of U and ug is the number of the members. We define an undirected linke graph (υ g , ε g ) for group G g , where the node set (υ g represents the members and the edge set ε g ) represents the links betweeen the members. Let S represent the subgroup set, and S g = s g,1 , s g,2 , . . . , s g,|sg| represent a set of strongly connected subgroups extracted from G g s graph (υ g , ε g ), where S g. * is one element of S and |sg| is the number of the subgroups. Then, G g can be written as G g = U g , S g .
B. THE SIMILARITY
Collaborative filtering (CF) recommendation algorithm is one of the earliest and most famous recommendation algorithms. The main function is prediction and recommendation. CF recommendation algorithm discovers the user's preferences by mining user historical behavior data, and classifies the users based on different preferences, and finally recommends similar products to other users. CF recommendation algorithms are divided into two categories, which are userbased collaborative filtering algorithms and item-based collaborative filtering algorithms [37] - [40] .
Take the user-based collaborative filtering algorithm as an example. After collecting user information, we need to find another group of users with the same interest of known users. This process is called calculating the similarity of two users. For example, if you want to find n users who have similar interests with A, you need to use their M score as a score prediction value. In general, the recommendation system will select different algorithms based on the data. The similarity algorithms that are currently used are Pearson Correlation Coefficient, Cosine-based Similarity, and Adjusted Cosine Similarity. In this paper, we use Pearson correlation similarity (PCS) to calculate the similarity, which is defined as follows.
simil(x, y) = i∈I xy (r x,i −r x )(r y,i −r y ) i∈I xy (r x,i −r x ) 2 i∈I xy (r y,i −r y ) 2 (8) where I xy is the set of items rated by both user x and user y. The correlation between investors and asset portfolios is often ignored by traditional robo-advisor. In this paper, in order to calculate the correlation between investors and asset portfolios, we first map investors and asset portfolios to label space. Then, the similarity is calculated by the following formula [22] .
where R i denotes the tag vector of investor i, and V p denotes the vector of portfolio p.
C. AUTO-ADJUST ASSET ALLOCATION
Asset allocation is a dynamic process, the risk tolerance of investors, investment funds are constantly changing, so for different investors, the risk of the different meanings of asset allocation motivation is different, so the final choice is not the same combination. As mentioned in Section II-B, financial service selection like asset allocation is based on the risk return relationship. As time goes on, Figure 4 shows asset allocation auto adjust. In order to meet the risk level of the group, the asset allocation at a certain time period is shown in Table 1 . As the financial social network grows, the portfolios also changes dynamically.
IV. EXPERIMENTS AND RESULTS
In this section, we have selected two types of databases for verifying the effectiveness of the algorithm. One is the MovieLens database, which is often used to recommend system models, and the other is real transaction data from a commercial bank in China. We call it BCSs. MovieLens is a dataset about movie ratings. It contains user ratings for movies from IMDB and The Movie DataBase. The BCSs included basic information on 679,000 investors and the transaction data of these investors from September 2014 to October 2017. The selected investors all hold at least one financial product. These financial products mainly include savings deposits, bank financing, and public funds. In the following sections, we introduce the financial and statistical indicators that can evaluate the effectiveness of the algorithm.
Finally, we compare and analyze the experimental results in detail.
A. DATA SELECTION
According to the analysis of the financial industry, the performance of robo-advisor is inextricably linked to the Shanghai Composite Index (SCI). Generally speaking, during the period when the SCI rose (meaning that the market conditions are better), the recommended asset portfolio of roboadvisor has generally risen. In the opposite case (during the decline of the SCI), it is difficult to guarantee the expected return from the intelligent portfolio of recommended assets. In order to verify that the expected benefits are derived from the merits of the proposed system, we must select a longer market cycle for simulation tracking. For target investors, the higher the investor's yield, the better the recommended model. As shown in Figure 5 , we select the Shanghai Stock Index at a certain stage as reference data. 
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In order to further verify the generalization performance of the algorithm proposed in this paper, we select the benchmark data for experimental analysis. MovieLens is the oldest recommendation system. It was founded by the GroupLens project team at the University of Minnesota in the United States. MovieLens mainly uses the combination of Collaborative Filtering and Association Rules to recommend users the movies they are interested in [33] and [43] .
B. EVALUATION METRICS
Learning appropriate metrics is the key to effectively capture complex data characteristics [44] , financial time series is no exception. In this paper, we use the metrics Mean Average Precision (MAP) and Area Under the ROC Curve (AUC) to evaluation models.
Mean Average Precision (MAP) computes the mean of the average precision scores over all portfolios P.
where P h denotes the relevant assets w.r.t portfolio p and r(P h,p ) denotes the rank of the P th relevant assets. Area Uder the ROC Curve (AUC) measures the probability that the rank of relevant assets A + is higher than irrelevant assets
where δ(.) returns 1 if rank(i) < rank(k) and 0 otherwise. In terms of robo-advisor, in addition to the accuracy of the recommendation system, the expected return and volatility of the investment portfolio should also be the key evaluation indicators. The definitions of these financial indicators are as follows.
The Maximum Drawdown(MD) is a financial metric used to evaluate the downside risk for a specified time period. Its definition is shown in Equation 12 .
Maximum Drawdown(MD)
The Sharpe ratio is one of the three classical indicators that can simultaneously consider the benefits and risks.
Sharpe Ratio(SR)
wherer p is the portfolio expected return, r f is the risk-free rate, σ p is the portfolio standard deviation.
To compare the proposed method with state-of-the-art methods, we compare the FSN proposed in this paper with the following algorithm: KNN [31] , DLGB [6] , SNRS [23] .
C. EXPERIMENTAL RESULTS AND ANALYSIS
This work has aimed to demonstrate the applicability of the group recommendation system using financial social network and applied to robo-advisor. As a case study, benchmark and real-world datasets have been chosen for applying the proposed method.
1) A CASE STUDY ON BCSs
In order to test the effectiveness of the algorithm proposed in this paper in improving the prediction accuracy, we choose the data in different periods of the actual trading market of BCS as experimental data [18] .
We first assume that investors will choose financial products according to their own risk levels. According to risk appetite, we can divide investors into the following categories: cautious, defensive, speculative and aggressive. According to this classification rule, we can classify the 512,000 selected users into four categories, as shown in the following table.
In Table 2 , IP stands for investors' investment preferences and risk levels, FI represents the financial institutions belonging to investment products, CL represents the closest contact of investors, and FM is used to identify whether the family members of the investor have the same type of financial products. Take user u1 as an example, the risk level is defensive, the closest contact {} means the user u1 have no group member in B1 but have family member in BCS. By analyzing the data in Table 2 , we can build a financial social network.
The biggest innovation of this paper is to propose a robo-advisor model based on financial social network. The expected return on investment is an important financial indicator for evaluating the effectiveness of the robo-advisor model, as shown in Figure 6 . The proposed algorithm is superior to the Shanghai Composite Index at the same time in different risk levels.
In order to prove that group recommendation system is more suitable for robo-advisor field than individual recommendation system, we compare the expected return (Equ. 1) and maximum drawdown (Equ.12) under different conditions as follows.
As shown in Table 3 , the algorithm proposed in this paper is significantly better than the recommended system model using collaborative filtering in terms of statistical indicators and financial indicators. More importantly, we also found that if we do not introduce financial social networks, the advantages of the group recommendation algorithm model are not obvious, which indirectly proves the advantages of the proposed algorithm. 
2) A CASE STUDY ON MOVIELENS
For a more comprehensive analysis and comparison, we evaluated all comparison methods using the two most popular aggregation strategies and evaluated without using any strategies. Table 4 lists the results of MAP and average AUC. The baseline method kNN does not achieve good performance because it is difficult to find a set of groups with the same taste in a sparse data set. In addition, it is easy to see that regardless of whether or not to use an aggregation strategy, the methods proposed in this paper are slightly better than any other method. The main reason is that all these methods try to learn the good performance of group preference directly from the data. However, they may not be able to understand the characteristics of the relationship based on this shallow structure. In contrast, FSN can learn advanced relationships from transactions and eliminate data loopholes.
In general, groups with more members mean more different preferences, so it is difficult to find recommendations that satisfy all members. In the proposed method, each family may contain 2 − 4 members in this data set. Households with 2 members (usually a couple) may easily agree on a choice of movies, and families with more than 2 members (usually parents and children) may have different tastes due to generation gaps. Therefore, we additionally evaluated MAP among different numbers of family members.
As shown in Fig. 7 and Fig. 8 , we can see that FSN outperforms all other comparative methods. The algorithm proposed in this paper can obtain better results because the constructed financial social network can provide valuable suggestions for group recommendation. Compared with traditional social networks, groups with financial relevance can be generated better recommendation results. VOLUME 6, 2018 
V. CONCLUSIONS AND FUTURE WORK
In this paper, we build a recommendation system model by using the financial social relationships of group members. This method constructs an undirected social topology map based on given investor information and transaction behavior data, which we call the financial social network model. With the help of social relationships between investors and the social relationships between investors and financial institutions, we made up for the cold start and sparseness problems that collaborative filtering recommendation systems often face. In the benchmark database and real-world database, the proposed algorithm is superior to most of the population recommendation algorithm models.
As we all know, cold start and sparsity are the major problems that often occur in the system of recommendation. Although there are many methods that can solve these problems to some extent in the past, the actual effect is not obvious. Through the construction of a financial social network, the social relationship between investors and financial institutions can be well filled in the scoring matrix, thus providing help to the recommendation system.
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